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Figure 1: The goal of our SBIR Phase 11 Project is to enrich geospatial databases.
1 Introduction

1.1 Abstract

Report developed under SBIR contract for topic A07-124, Web-Scale Search-based Data Extraction and Inte-
gration: Geospatial Database Generation Agents. In the current age of abundant, digitized geographic data, the
classic, manual approach to geospatial feature discovery and geospatial data creation is cost-prohibitive. While ge-
ographic data has become increasingly prevalent on the open Web, it remains largely unstructured and difficult to
study. This, the GeoEngine project, has developed generalizable methods for automatic geospatial data generation
based on the ample, but unstructured data on the open Web. GeoEngine solves this problem with a three tiered
architecture: automatic data discovery and extraction, machine-based semantic aggregation and human validation.
GeoEngine has produced specific, but generalizable solutions in the following areas: sub-city feature discovery in
domestic and foreign locales; neighborhood boundary discovery and refinement; physical feature gazetteer gener-
ation and attribute addition; Wikipedia traversal, extraction and auto-correction; and a comprehensive “Places
Profile” of Afghanistan. These methods allow for fast, automated geospatial data gencration and support for
geospatial research by leveraging the abundance of unstructured data on the open Web and provides new ways of
thinking about old problems in geographic information systeins.

1.2 Background

The goal of our SBIR project was to develop a GeoEngine system which could enhance the capabilities of geospatial
databases by using information available on the open Web. Consider, for example, a geospatial database as shown
in Figure 1. Each row in this database represents a geospatial feature (e.g., a city, a river, etc.); each column in
the database represents an attribute of the corresponding feature (e.g., name, latitude, longitude, population, etc.).
Our objective in this project was to develop SBIR Phase I and Phase II technologies for enhancing this database
in three aspects:

Problem 1. Discovering missing attributes: Phase I + Phase II As Phase I objective, we aimed at
discovering values for additional attributes for features that already exist in a geospatial database. As our target
application, we studied the problem of adding the population attribute to populated place features in Benin, Africa.
In Phase II, we studied new dimensions of this problem by adding attribute data to mountains in Afghanistan as
well as examining and enhancing the attributes of Wikipedia articles.

Problem 2. Generating new features: Phase I 4 Phase II Further, we studied the problem of generating
new features by using information available on the open Web. We first developed our techniques for the problem of
finding hospital features in Chicago in Phase 1, as well as places of worship in Afghanistan, among other features,
in Phase II.
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Problem 3. Constructing shape boundaries: Phase II Going beyond individual points, we also studied
the problem of the discovery of complex features, e.g., generating the shape of geographical regions by inferring
the area outline from multiple spot reports. We used open source information to generate the boundaries of
neighborhoods in Chicago.

1.2.1 The Core GeoEngine: Multi-layer, Multi-extractor Platform

We built the GeoEngine system using a suite of technologies which are combined in a multi-layer, multi-extractor
architecture. The architecture, as shown in Figure 2, is composed of multiple layers of teclinologies and is designed
to aggregate data from sources in a variety of formats.

Layer 1. Geo-Feature Extractor (DataFactory) As the first layer, we built an array of data extraction
technologies which together provide a “factory” of data access methods. As our key innovation at Cazoodle, our
Data Factory is capable of gathering data from “Deep Web" sources, i.e., sources that contain data which are
hidden behind query forms or which require complex JavaScript interactions to obtain. Several studies have shown
that the data hidden in “Deep Web” sources is far greater in magnitude than data available in the “Surface Web,”
i.e., the part of the Web that is accessible through static URLs. Typically, search engines are capable of gathering
content only from the surface Web. Additionally, our Data Factory provides various “API connectors” for gathering
content from proprietary datasets that are hidden behind firewalls or which provide API-based access.

Layer 2. Geo-Feature Matcher The next layer provides technologies for resolving various ambiguities in
merging geospatial data obtained from various API data sources. While the DataFactory layer organizes content
from different sources in a structured database format, different sources may refer to the data elements differently,
posing challenges for aggregating this information. For example, for the task of finding population for cities in
Benin, we were faced with various ambiguities in matching place names. A city could be referred to by various
names (e.g., Cotonou, the capital city of Benin, is also known as Appi, Kotano or Cotanu). Likewise, different
cities could share the same name (e.g., Benin has 12 cities with the name, “Gando”). The Geo-Feature Matcher
provides technologies for effective matching of geospatial data obtained from different sources.

Layer 3. Operation Console As the top layer of our architecture, we provide an interactive console for an
analyst to visualize the results of the GeoEngine system. One of the lessons we learned is that the algorithmic
results may not be able to completely substitute for human judgment; rather, the automatic techniques may
produce ranked lists of results that can be inspected by an operator, who can make final decisions. Therefore, as
part of our technical approach, we built technologies to aid in the creation of operation consoles that an analyst
can use to rapidly inspect algorithmic results. For example, in our population task, we built a console that displays
the top ranked candidates for the population attribute of the input city; for each candidate answer, the console
shows the score, a list of evidence and a snippet of text from each source of evidence. The analyst can click on
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Figure 2: The multi-layer, multi-extractor-based architecture for building the GeoEngine system.
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any of these pieces of evidence, which will open that source in a preview tab on the right panel. Additionally, the
console also includes panels for browsing population results returned by general search engines. The analyst may
interactively drag-and-drop the most appropriate answer to the bottom-left panel, which will save the results in
the output database.

2 Extension of Phase I Work - Hospital Discovery

In the extension of Phase I work, we finished several remaining tasks of our “IHospital Discovery System.” In
Phase I, we had finished designing of both extraction modules — agent extractor (for structured sources) and
text extractor (for unstructured sources). We had also designed the “GeoMerging” algorithm for grouping raw
hospital tuples, and applied it to the results from the agent extractors. In Phase Il, we continued to accomplish
the following remaining tasks.

a} Deployed text extraction to large scale “hospital corpus”

b) Extended the GeoMerging algorithm to text extraction results.

¢) Developed scoring functions for ranking the merged hospital records.
d) Combined all components together into an online system.

e) Evaluated performance of the overall system.

2.1 Corpus Extension

For discovering hospital tuples from unstructured text pages, we continued to expand our pilot study of a small
set of “hospital-likely” pages to a much larger corpus, to further our techniques. In Phase 1, we developed a text
extraction module and evaluated its performance using a small corpus of 1000 “hospital-likely” pages, which we
obtained from searching "chicago hospitals” at Microsoft Live Search. We expanded the experiment from 1000 to
1 million pages.

To begin with, we crawled a large corpus of text pages. We designed a focused crawler program [54, 58] to
prepare a large scale corpus of “hospital-likely” pages. Our focused crawler, taking the 1K “hospital-likely” pages
as the seed URLs to start with, traversed the hyperlinks around them to collect pages from their neighborhood,
which are also likely to be pages containing hospital information. Specifically, we feed our crawler with the 1K
seed URLs. The focused crawler then started at each of these URLs, parsed the hyper-links on the page to discover
new URLs, and continue this “crawling” to gather pages within “depth 3”—i.e., three links away from the seed
URL. This focused crawling from the 1000 seed URLs resulted in about 1 million pages overall.

Further, we applied our text extraction module over this corpus of 1M pages so that our text extraction
module would skip those pages that have more than three addresses. Also, we removed the hospital tuples from
text extraction with a score —i.e., the frequency of occurrence from various pages— less than a threshold, which we
chose as 10. The low scores of these candidate tuples indicated that they were likely to be incorrect associations of
hospital name and addresses. Overall, from this 1M corpus, we obtained 8329 raw hospital records with addresses
within 50 miles from Chicago.

2.2 GeoMerging Extension

Our two extraction modules—i.e., Agent Extractor and Text Extractor— produce raw hospital records. Upon
these raw records, we need to apply the step of GeoMerging to group the raw records that refer to the same hospital
feature into a merged record. Our GeoMerging algorithm attempts to address various ambiguity challenges:

e For name: The name of a hospital is not a unique identifier—a unique hospital can have multiple names (e.g.,
“Rehabilitation Institute of Chicago”, or “Rehab Center”, or “Resurrection Medical Center”), and different
hospitals can all have the same names (e.g., St. Joseph Hospital has branches in many cities in USA).

e Lor address: The same hospital can be referenced using different addresses (e.g.. “450 Northwest Ilwy,
Barrington, 1L 60010, USA” vs. “450 W. Highway 22 Barrington, IL 60010"). This may reflect multiple
buildings associated with the same hospital.
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Sampleld | Records Merged | Correctly Merged | Precision | Missed to Merge | Recall |
S1 13 13 100% 20 | 39.4%
S2 26 26 100% 0] 100%
S3 11 i1 100% 0| 100% |
S4 1 1 100% 2 | 333% |
S5 6 6 100% 0| 100%
Overall 57 57 100% 22 | 72.2% |

Figure 3: GeoMerging performance evaluation on text results.

¢ For phone: The same hospital can appear with different phone numbers that represent different departments
in the same building,.

For agent-extractor results from structured sources, our GeoMerging algorithm overcomes thiese challenges
using a two-step matching process. 1) Direct matching: We merge records when their address, phone, or geo-
coordinate attributes are the same. Each of these fields represents a unique way we refer to a “business” and
their exact match indicates records can be immediately merged together. 2) Inferred Matching: We merge records
when their name attribute matches approximately, and at least one of the three attributes—address, phone, and
geo-coordinates— matches approximately.

However, does the same scheme work for text-extraction results, which are inherently more “noisy”? While the
GeoMlerging algorithm worked quite well on agent-extraction results, we found its performance unsatisfactory for
text-extraction results. For agent results, the precision and recall were 99.39% and 88%. The performance of the
same scheme over text sources was quite poor — because the direct matching step relies on the association of address
and names being correct, which does not necessarily hold true for text-based extraction. In the above scheme,
the direct matching step simply merges records with the same addresses. Unfortunately, for Text lIixtractor, the
accuracy of name-address association in candidate records is only 15%, i.e., 85% of the tuples potentially represent
noisy associations that should not be trusted. Consequently, the direct matching step tends to merge hospital
tuples with widely different names, simply due to their same addresses. That is, essentially, errors would propagate
from extraction of records to their merging.

To accommodate the inherent inaccuracy of Text Extractor in association of name with address, we extended
the direct matching step to also look for similarity in hospital name. With this change, our direct matching would
not make the mistake of merging raw records that share the same address, when their names are quite different.

We assessed the modified GeolMerging algorithm using the precision and recall metrics. Applying the GeoMerg-
ing algorithm on the 8329 text records extracted from the 1M hospital corpus, we obtained 688 merged records
with an address within 50 miles of Chicago, IL. To assess these results, we randomly sampled 5 merged records. To
evaluate precision, for each sampled merged record, we inspected each of the corresponding raw records, to ascer-
tain how many actually refer to the merged hospital feature. To evaluate recall, for each sampled merged record,
we inspected all the raw records that shared the “key term” of the corresponding hospital name, and counted how
many our algorithm missed to merge. For example, for the first sampled record, our algorithm merged 13 raw
records. Of these, all 13 correctly referred to the merged hospital feature and, therefore, the precision for this
sample point is 100%. For recall, for the same sampled record, we manual inspection found that the algorithm
missed to merge 20 other raw records—thus, its recall is 13/33 or 39.4%.

Overall, as Figure 3 shows, our algorithm’s precision is 100% and recall is 72%. In coniparison, the precision
and recall of the GeoMerging algorithm on agent-extraction results were 99.4% and 88%, respectively. While the
precision metrics of GeoMerging on both results are quite high, the recall for text-extraction results is much lower
compared to that of the agent results. Our analysis showed that this recall degradation is due to our modification
to the direct matching step—for text results, direct matching also requires hospital names to be similar-—which
resulted in the decreased recall since a hospital feature can have quite different names (e.g., “resurrection center”
and “rehab medical institute”)—such place name matching, as well-known in GIS research [63, 64], is inherently
imperfect.

We observed, from the frequencies versus the counts of records, a classic Zipf [102] (or power law) distribution
with a “long tail” phenomenon [43]. First, in Figure 4, we show the distribution of the number of raw records
per merged record. Of the 688 merged records obtained, we observed a “long tail” distribution. Some sources
have very high frequencies of occurrences; e.g., 53 out of 688 were the results of merging 20+ (more than 20) raw
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Raw Records per Merged Record | Number of Merged Records
1 362

2 100

3 44

4 29

5 20

6 19

7 10

8 8

9 4
10 8
11 6
12 2
13 7
14 6
15 1
17 4
18 2
19 1
20 2
20+ 53
Total 688

Figure 4: Distribution for results of text extraction: Number of raw records per merged record.

Number of Sources per merged record | Number of Merged Records
1 475

2 &6

3 39

4 28

5 18

6 14

7 12

8 8

9 2

10 2

11 1

12 1

14 1

21 1
Total 688

Figure 5: Distribution for results of Text Extraction: Number of Sources contributing to each Merged Record.

records—indicating a few popular hospital features are discovered very frequently. On the other hand, however,
many records have low frequencies. In particular, 362 records have only one source record (thus, for these “merged”
records, there is no merging with others beyond themselves) and 100 have two records. Second, we can similarly
observe the long tail distribution for where—how many sources—we can expect to find a record. As Figure 5
shows, we also studied the distribution of the number of sources contributing to each merged record; i.e., the
number of sources where a merged record occurs. As we see, the distribution shows a similar long tail distribution.

The observation of the long tail distribution indicates the need for a comprehensive corpus as sources in
discovery. Where can we expect to discover a hospital feature? For a few popular hospitals, as they are frequently
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Raw Records per Merged Record | Number of Merged Records
1 776

2 229
3 90
4 70
5 58
6 27
7 19

8 14
9 5
10 12
11 10
12 4
13 6
14 8
15 2
16 2
17 2
18 4
19 1
21 7
22 3
23 1
24 2

25+ 79 |
Total 1431

Figure 6: Distribution for combined results: Number of raw records per merged record.

mentioned (indicated from their high frequencies in Figure 5), we can expect to find them even in just a small
number of selected sources. However, for the “long tail” of less frequent hospitals, we will need to look for them
“everywhere,” since they may not appear in the selected sources. Thus, for comprehensive discovery, we will need
a comprehensive set of pages to cover as many hospitals as there exist.

2.3 Extraction Results Merging

With both the agent and text results ready, we applied the GeoMerging algorithm on the combined results—the
set of 11951 raw records obtained from the agent extractor and the text extractor. After merging, we obtained
1431 hospital features within 50 miles of Chicago, IL. We make two observations.

First, we again see the long tail phenomenon. Similar to the analysis in Section 2.2, for the combined results,
we show the distribution of the number of raw records per merged record in Figure 6 and the nuniber of sources
per merged record in Figure 7. Evidently, the distributions are of the Zipf-type, where we see a long tail of many
hospitals that could be found only in a smaller number of sources. Thus, for comprehensive discovery, we cannot
simply focus on a few selected sources; instead, we must be comprehensive over many sources.

Second, to understand the influence of each extractor, we study the “joint” distribution of results from Agent
Extractor and from Text Extractor. As Figure 8 summarizes, we analyze the number of text sources and the number
of agent sources contributing to each merged record. The columns (x) and rows (y), respectively, represent the
number of agent sources and the number of text sources contributing to a merged record. A cell (x, y) records the
“count” (i.e., number) of merged records that are discovered by x agent and y text sources. E.g., the cell (2, 3)
has a count 5; i.e., there are 5 merged records that were obtained from 2 agent and 3 text sources. Note that, in
the table, we use x to represent any value of x (or y); e.g., cell (2, ¥) has count 166, which indicates 166 merged
records were found in 2 agent sources and any number (0 or more) of the text sources.

The observations from the joint distribution show that the dual extractors—Agent lixtractor and Text Ix-
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Number of Sources per Merged Record | Number of Merged Records
1| 1135
2 122
3 31
4 25
5 13 |
6 13
i 11
8 7
9 il

10 7
11 9
12 3
13 4
14 14
15 6
16 4
17 9
19 1
20 2
22 2
24 1
27 1
31 1
Total 1431 |

Iigure 7: Distribution for combined results: Number of sources contributing to each merged record.

y: Number of r: Number of Agent Sources

Text Sources 0] 1] 2] 3] 4] 5] 6] 7]8[9J10+] =«
0 0| 447 | 150 | 54 |40 (33 | 10| 8|6 | 4 25 7
1 329 1 2 4 3 0 0 31011 1 347
2 76 0 41 41 0 2 0] 001 10 97
3} 33 2 5 1 0 0 0 0,010 2 43
4 21 1 21 0| 0] O] O] 0]JO710 2 26
5+ 85 0 3 1 2 0 1 022 15 141
* 544 | 454 | 166 [ 64 [ 45 | 35 | 11 | 11 | 8 | 8 85 | 1431

Figure 8: Joint distribution of the number of agent (x) and text (y) sources contributing to a merged record.

tractor—coimnplement each other well. On the one hand, a fairly large number of merged records were discovered
only from agent sources, or only from text sources—indicating that both extractors are essential and they will
complement each other. The count of cell (0, %) shows that as many as 544 of the 1431 merged records were
obtained only from the text sources. Likewise, the cell (*, 0) counts 777 of the 1431 were obtained only from the
agent sources. Thus, both the extractors have unique contributions in our discovery process.

On the other hand, a significant number of merged records were obtained from both types of sources—thus,
the two extractors can reinforce each other as well. From Figure 7, subtracting 544 of (0, #) and 777 of (%, 0) from
the total 1431, we obtained 110 records which appeared from both extractors. Furthermore, from cell (104, 5+),
we see that 45 merged records are obtained from a large number of agent as well as a large number of text sources.

‘e believe this “diversity” of supporting evidence leads to two implications of our dual-extraction approach:

e The abundance of evidences across different extractors reinforces the confidence of discovery. These candidate
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n Northwestern Memorial Hospital

2 (312) 440-0709

Name

Northwestern Memoriel Hospital:
Northwestern Memorial Foundation

Northwestern Memorial Hospital: Crisls
Intervention Hotline

Rehab Institute Of Chicago

Rehabilitation institute of Chicago

The Rehab. Institute Of Chicago
Rehabilitation Institute of Chicago

Northwestemn-Anesthsia Department

Keith, Louls G MD - Northwestem
Memorial Hospital

northwestern memorial hospital

northwestern memorial hospital

221 E Huron St, Chicago, IL 60611-2957, US

@ Score = 6560 from 49 A-sources, 1126 T-sources

&

Address Phone Support Url
676 N Saint Clalr St, #2050, ! ;
Chicogo, IL 606112042, us  (312)926-2033 L 0 ggode.cora(agent)
251 E Huron St, Chicago, IL
60611-2908, LS (312) 926-9586 7 (agent)
345 East Superior Street, 3 X )
Chicago, Illinofs, 60611 4496 USA
345 East Superior Street, 7
Chicago, illinois, IL 60611 USA
345E. éuperior Chicago, IL 60611 7 r (agent)
345 E Superior St, Chicago, IL (312) 238-1000 7 (agent)
3_33 E Supertor St, #466, Chicago, 1)) 4267632 7 ' (sgent)
333 E Superior St, #464, Chicago, (312) 926-2000 7 {agent)
IL
345 E Superior St, Chicago, IL -
60611-2654, US ; g0.com(text)
345 E Superior St, Chicago, IL
60611-2634, US ! (text)

(agent)

(agent)

Figure 9: The summary snippet of an example merged result.

records are likely to be correct ones. As Section 2.4 will present, we use such repeated evidences as voting

in our scoring function for ranking discovered records.

o The variety of information from different sources enriches the discovery. While structured sources, through
Agent Extractor, tend to give correct results, they are also likely to contain only repeating “directory”
listings, such as contact information. Text sources, in contrast, while harder to extract, tend to provide more
interesting and diverse contents (e.g., descriptions, reviews, comments). Together, the dual types of sources

will reinforce to provide not only correct but also rich information.

2.4 Ranking Algorithm

After combining the dual extractors, we next discuss how the merged hospital records are scored to obtain the
final ranked results. As the base score, we score each raw record ¢ = (name, address, phone, source) as follows:

o If t is from text extraction: Score(t) = log(W,;), where W, is the Web reference of t (e.g., the hit count of
searching t at a search engine). That is, we take the logarithmic value of how many times the tuple has been

mentioned on the Web, as an indication of its correctness.

o If ¢ is from agent extraction: Score(t) = 1. That is, we treat cach agent result from structured sources as

equally reliable.

Now, we need to compute the scores of a merged record based on the scores of its raw records. As an example,

Figure 9 shows a merged result which is obtained from merging 49 agent records and 1126 text records.

The Result Ranker module essentially aggregates, for each merged tuple, the scores of the supporting raw tuples,
much like voting, accounting for the reliability of the originating sources. As just explained, each supporting result
4.e., a new feature with name n, address a, and phone p,
which is obtained from source s. Let X be the set of extractors x (we currently have two extractors), and 15 be
the set of tuples t = (n, a, p, s) that extractor x produces. We merge them by an aggregation of the tuple scores
over all the extractors and all the sources. However, as not all results are equally eflicacious, the aggregation must
differentiate where (from which source) a result is collected, and how it is processed (bv which extractor). To

is of the form t = (name:n, address:a, phone:p, source:s)
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Method Total | Discovered | Correct | Precision | Recall
Struetured Sites (15 agents) 22 22 22 100% | 100% |
Text Crawl (IM pages) 22 19 19 100% |  86% |
Overall Combined 22 22 22 100% | 100%

Figure 10: Evaluation: 34 hospitals sampled from US News Hospital Direetory.

differentiate the appropriate extractor, we weigh the results from extraetor = by a constant faetor a,. Speeifieally,
our implementation sets a; = 1 for Text Extraetor and ay; = 7 for Agent Extraetor, to refleet the empirieally
obtained 15% aecuraey of Text Extractor compared to 100% aeeuracy of Agent Extractor. Similarly, we weigh
eaeh souree s by a eonstant 3,. Without further source information on souree authority, our implementation
eurrently sets J; = 1 for all sourees.

The overall seore for a eandidate hospital feature (n, a, p) is simply the weiglited sum over all its supporting
raw records t = (n, a, p, s), which comes from various sources s and is extracted through different extractors x:

Score(n, a, p) = Z Qg - Z Bs - Score(t) (1)

zeX t=n, a, p, s)e T:

For instanee, for the example result in Figure 9, the merged record ("Northwestern Memorial Hospital”, 251 E
Huron Street, Chicago, IL", "(312) 440-0709") has a final seore 6560. As Eq. 1 states, it sums up the scores of the
supporting raw reeords: 49 reeords from Agent Extraetor (e.g., the first 8 rows in the summary table) and 1126
reeords from Text Extraetor (e.g., rows 9 and 10). The eolumn labeled “Support” shows the weight values which
differentiate the extractors a, (for Text or Agent Extractors), since we do not use different 3, for the sources.

We note that, by exploiting sueh “supports,” we naturally exploit the “redundaney” of the Web, where the
same information may appear multiple times. As the key insight, through the redundaney, we expect correct
information will be correct “in the same way,” while an incidental error will be wrong “in its own way.” While
not always true, it is intuitive that information that appears multiple times is more likely to be a “consensus”
answer, rather than an ineidental error. We thus take the analogy of “voting”, in which we score eaeh final result
by aggregating the scores of its supporting raw results.

2.5 Performance Evaluation

To evaluate the overall performanee, we assessed how well it could discover hospital features. We sampled 22 hos-
pital features randomly from all the hospitals listed in US News Hospital Directory® for the Chicago metropolitan
area. The results are summarized in Figure 10.

e For the structured sites using 15 agents, for all the 22 sampled features, the top result from our system is
always correct. Thus, a precision of 100% and recall of 100%.

e For the unstruetured sourees using 1M pages, of the 22 sampled features, our systeni discovered 19 of then.
For the 19 features that our system diseovered, the top result was always eorreet. Thus, for text sourees our
preeision and reeall are 100%. and 86%, respeetively.

e Overall, for the eombined agent and text results, the top result of our system is correet for all the 22 sampled
features, i.e., both preeision and reeall of 100%.

2.6 Operations Console

We now deseribe our design of the Operations Console so that an analyst ean inspeet the results generated by
our system and determine entries that should be inserted into the final gazetteer. This task will require several
operations earried out with the results generated by our system. We use an illustrative scenario to demonstrate
the overall proeess, ineluding various editing operations.

Lonline at http://health.usnews.com/features/health/hospital-directory.html.
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Figure 11: Target Geography: The operational bounding box around Chicago.
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Figure 12: The top ranked results in the final output gazetteer.

2.6.1 Browsing Console

The screenshot in Figure 13 shows the first console for browsing results generated by our algorithm.

e The left panel shows the list of all the results that still need to be inspected by the analyst. The search box
can be used to search within the candidate hospital results by name. For the query “north,” our system
returned 9 matching results that were produced by our algorithm.

e The snippet of each result includes the name, address and phone number of the hospital. Tle snippet also
displays the overall score of this merged result, and the number of the raw agent and text records that were
merged to produce this result. The last result in the search list is: “Northwestern Medical Faculty,” with
an address of “680 N Lake Shore Dr, #1000, Chicago, IL 60611-3057, US” and the phone number as “(312)
695-9797." This merged result was produced by combining 114 agent records and 6 text records, with a final
aggregate score of 811, as produced by our Geolntegration ranking function.

e The panel on the right shows the entries already present in the final gazetteer based on the analyst operations.

e The center panel shows the location of hospitals on a map for easy visualization of each result in the search
list. The display shows nearby hospitals, as well as hospital results that have been inserted into the final
gazetteer.

2.6.2 Deletion Operation

The results produced by our algorithm may not represent meaningful associations. In fact, of the 9 results shown
in the screenshot in Figure 13, the analyst determined that 5 results need to be deleted. Overall, after full editing
of the 351 results produced by our algorithm (within our target geography), the analyst deleted 63 results.

We provide the following functions to support the deletion of results.
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Figure 13: Browsing console for an analyst to use on the results produced by our algorithm.

Each result includes an “X” button to delete that result. The analyst should determine that the result is
really a hospital (e.g., “the car hospital” is actually a car repair shop) and that the address of the result
correctly represents the location of the hospital. If these conditions are not met, the result should be deleted.

We highlight the results having low scores with a special “smiley” sign. This provides a cue to the analyst
that this result has low algorithmic confidence, so there is a greater possibility that the result should be
deleted.

For each result we list hyper-links of the sources from which that hospital record was discovered by onr
algorithm. The analyst can click on these links to inspect the target sites and to determine if the hospital
name is associated with the correct address.

kil

Each result includes a “G” sign, which will open a new browser window with results from a general Web
search engine (currently set to google.com). We use the address of the hospital result as the keyword cquery.
This helps the analyst find what facilities are located at a particular address, by looking at snippets of the
search result or by inspecting a few of the topmost results. The analyst could further modify the query to
add key terms from the name of the hospital result; the search engine would then likely return the pages
that mention both the name and the address of that hospital result.
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Figure 14: The Deletion Validation Console for a senior expert to confirm the deletion decisions of an analyst.

2.6.3 Merging Operation

After the deletion step, the analyst is left with results that are valid hospital features. Each of these results
represents a group of raw records, merged by our Geolntegration algorithm. When inserting these results into the
final gazetteer, the analyst needs to verify if additional merging is needed. In particular, our algorithmic merging
may produce more than one group for the same hospital feature. The analyst can further merge such results, as
follows:

e Each result includes a “lens” icon, which zooms into the part of map surrounding the location of that result.
It shows all the other results in the vicinity of the result, including those that are still in the search list,
those that have been deleted, or those that have been inserted into the final gazetteer. This function helps
an analyst determine whether to create a fresh entry for the result or to add it to an existing entry in the
gazetteer.

e If the analyst determines that a hospital result represents the same feature as one of the entries that already
exists in the gazetteer, the hospital result can be dragged and dropped into the hox on the right panel, which
corresponds to that gazetteer entry.

o If none of the existing entries in the gazetteer match the new hospital result, the analyst needs to create a
new gazetteer entry for that result. The analyst can drag and drop the hospital result to the “New” box
above the map in the center panel. This step will create a new entry for this result in the final gazetteer.
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Figure 15: The Merging Validation Console for a senior expert to confirm the merging decisious of an analyst.

2.6.4 Validation Console

The Operations Console includes a final validation step for all decisions made by the analyst by means of the
browsing console. We envision the overall process as being composed of two steps, in which first, a junior analyst
generates an initial gazetteer, and then, the senior domain expert verifies these decisions. In situations in which
the senior expert executes the first step with the browsing console, the validation step can be skipped and the
initial gazetteer can be accepted as the final form.

e In the deletion validation console, as shown in Figure 14, we display all the hospital results that were deleted

by the analyst from the browsing console. The senior expert verifies each deletion decision using procedures
that are similar to those used with the browsing console. If the deletion is correct, the senior expert can
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approve it. Otherwise the result can be sent back to the browsing console for the analyst to inspect again.

e In the merging validation console, as illustrated in Figure 15, the senior expert can see all the merging
decisions made by the analyst. Each entry represents a gazetteer entry that is composed of multiple results
produced by our algorithm. The senior expert can verify that the results grouped by the analyst represent the
same feature. Also, the expert can verify whether the analyst failed to merge any results. Upon completion
of this validation step, the final gazetteer will be produced and will be available for use by any intelligence
application.

After operating on 351 results in the target geography, the analyst deleted 63 results, and merged duplicate
results to produce 259 entries in the final gazetteer.

2.7 Deliverable Gazetteer

For the final gazetteer delivery, we used the Operations Console ourselves, “emulating” how an actual analyst
would use it. The Operations Console was designed to be used in two steps: 1) For a junior analyst to construct
a gazetteer using the hospital results generated by our automated techniques developed in the Phase I Option
period, and 2) For a senior expert to verify the decisions made by the analyst. The resulting output was used as
the final gazetteer.

We limited this study to a target area in a 5-mile rectangular bounding box around Chicago, as highlighted in
Figure 11. Of the total of 4454 merged results produced by our algorithm for the Chicago metropolitan area, we
found that 351 results fell into our target geography. The two steps of full deployment of the Operations Console
for the final gazetteer delivery—for the junior analyst to construct gazetteer and the senior expert to validate
decisions—each took one day of human effort.

An analyst inspected each of the 351 results, and a senior expert verified the decisions, resulting in the output
of 259 hospital features. In comparison, the benchmark dataset from the US Geological Survey (USGS) contained
only 94 features. Figure 12 shows a sample of entries from the final gazetteer. The full gazetteer is publicly
available for download at http://geoengine.cazoodle.com/data/finalgazetteer.txt. Each final entry was
obtained as a result of the merging of raw records from several online web sources. For example, the top entry,
“Northwestern Memorial Hospital,” was discovered from among 36 online sources. Overall, the 259 features were
obtained from a total of 189 web sources.

2.7.1 Benchmark Performance Comparison

We used the hospital features in the USGS gazetteer as the benchmark for our evaluation and filtered the hospital
features within our target geography. Upon filtering, we obtained 94 hospital features from the USGS gazetteer
(available at http://geoengine.cazoodle.com/data/usgsgazetteer.txt).

Observation 1. Our final gazetteer covers 100% of the features in the USGS gazetteer.

We sampled 50 features from the USGS gazetteer and for each sampled feature we checked to see if our final
output gazetteer contains that feature. We summarized our findings in Figure 16. Of the 50 sampled features, 2
hospitals have incorrect geo-coordinates in the USGS gazetteer. One of them, “St. Vincent Hospital,” is actually
in Massachusetts; another one, “Evangelical Hospital,” is located in Pennsylvania. Of the remaining 48 features
in the sample, our algorithm successfully discovered 42 features—finding an “exact match” for 34 features and a
variant name for another 8 features. Our algorithm could not find the remainder of the 6 features; however, we
observed that all of these 6 features represented hospitals that are no longer operational: some were shut down
decades ago.

Overall, of the 50 hospital features that we sampled from the USGS gazetteer, only 42 were valid hospitals. The
rest of the 8 features either had incorrect coordinates or were no longer operational. All of these valid hospitals
were found in our output gazetteer; thus, the coverage of our algorithm is 100% with respect to the USGS gazetteer.

Observation 2. 16% of the features in the USGS gazetteer are inaccurate or out of date.

We note that one of the objectives of the USGS gazetteer is to explicitly mark the features that are not
in operation anymore. For example, 6 of the 50 sampled features were explicitly (and correctly so) marked as
historical, e.g., “Martha Washington Hospital (historical)” or “Frank Cuneo Hospital (historical).” Our algorithm
was successful in finding these features on the Web (among 42 matches).
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Number of features in USGS 94
Number of features in our final gazetteer 259
Features sampled from USGS 50
Total valid features in sample 42
Feature with inaccurate coordinate 2
Feature with outdated information 6
Sampled features from USGS that are available in our gazetteer | 42
Exact match available 34
A variant name available 8

Figure 16: Evaluation of our final gazetteer with respect to the USGS gazetteer.
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Figure 17: Evaluation of the coverage of the USGS gazetteer with respect to the top 20 hospitals in our final
gazetteer.

We observed that the marking of the historical features is not up to date in the USGS gazetteer. Of the 8
features that our algorithm could not find, 6 represented the hospitals that are no longer in operation (sone were
shutdown decades ago). The USGS gazetteer, however, failed to mark them as "historical.”

We also found that the coordinates of some of the features in the USGS gazetteer are incorrect. Of the 8
features in the sample set that our algorithm could not find, 2 of them have incorrect coordinates in the USGS
gazetteer. One of these hospitals is located in the state of Pennsylvania, while the other is located in the state of
Massachusetts. In the USGS gazetteer, the coordinates of these two features are incorrectly set as located to be
in the vicinity of Chicago (and that is why they fall within our target geography).

To summarize, the USGS gazetteer has inaccurate or outdated information for 8 out of the 50 sampled features,
i.e., for 16% of the cases. We believe our algorithm could provide great assistance in automatically identifying
entries in the USGS gazetteer that may need correction. If our algorithm could not find a feature from the Web,
that feature in the USGS gazetteer is possibly either out of date or has incorrect coordinates.

Observation 3. The USGS gazetteer covers only 70% of the top 20 features in our final gazetteer.
In another study, we wondered how extensive the coverage of the features in the USGS gazetteer might be. We

took the top 20 features from our final output gazetteer, ranked in the order of the number of sources in which

we found a feature. As shown in Figure 17, the USGS gazetteer does not contain 6 of these 20 features. This
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| Source Name | Number of features in final gazetteer |
local.yahoo.com 245
maps.google.com 46
www.revolutionhealth.com 41
althospitals.org 41
ushospitalfinder.com 39
www.hospitalsworldwide.com 39
www.doctordirectory.com 38
www.mchec.com 38
www.dogster.com 33
www.idph.state.il.us 31
www.hospitalcompare.hhs.gov 30
WWW.ViIno.com 25
www.healthcarehiring.com 24
www.cazoodle.com 22
hospitalandmedicalcentercompare.com 21
health.usnews.com 17 |
www.hospitalsoup.com 10
www.yelp.com 9
alcoholism.about.com 9

| 32 sources | (2, 5] features ]

| 137 sources | Only 1 feature |

Figure 18: Distribution of the number of features extracted from each contributing source.

Mumber of Sources
-

Features in order of number of sources they were found

Figure 19: Distribution of the number of sources from which each of the features were extracted.

indicates that the coverage of the USGS gazetteer is quite poor. We believe that our automatic techniques are
necessary to ensure the completeness of databases such as the USGS gazetteer.

2.7.2 Distribution Statistics

Besides the benchmark evaluation, we also analyzed our final gazetteer to identify the merits of our approach.

Observation 1. Aggregation of content across many sources is necessary.

Our final gazetteer was composed of 259 features that were discovered across 189 Web sources. We analyzed
the contribution of each source, i.e., for each source we studied a fraction of the 259 features that were found at
that source. As Figure 18 shows, the most popular source was yahoo.com, where we were able to find 245 out of
the 259 features. With the exception of this source, the remainder of the sources covered far fewer features. The
second most popular source was google.com, where we were able to find 46 of the 259 features. In fact, a large
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Figure 20: Distribution of the number of sources from which each of the features were extracted, after excluding
yahoo.com.

Number of algorithmic results merged manually | Number of such entries in final gazetteer
5 o 2

3 - ]

4 B

2 6

1 245

Figure 21: Distribution of the number of algorithmic results that were merged manually per entry in the final
gazetteer.

majority of the sources, i.e., 137 out of the 189 sources, contributed only one hospital feature apiece. Only 19
sources contributed more than 5 hospital features.

In another study we analyzed the number of sources in which each of the 259 features were found. As shown
in the distribution in Figure 19, we found that the most popular feature could be found in only 36 out of the 189
contributing sources. A large majority of features, i.e., 165 out of 259 features, were found on only one of the
contributing sources. To avoid confusion, we should note that the specific source in which these 165 features were
found may be different for each of these features.

To remove the skew due to one exceptionally large source (yahoo.com), we also analyzed the distribution after
excluding yahoo.com from our study, i.e., considering only those features that could be found from at least one of
the remaining 188 sources. Of the 259 features, 155 features could be found only on yahoo.com. After excluding
these features from our study, we looked at the distribution for the remainder of the 104 features that could be
found in at least one other source besides yahoo.com. As shown in Figure 20, the most popular feature could be
found from only 35 sources. A vast majority of the features— as many as 49 out of the 104 features-could be found
only in one source, which implies that the only way to generate a complete gazetteer is by aggregating information
discovered across all sources.

Observation 2. The automatic merging technique is effective.

Next, we studied the eflectiveness of our automatic merging algorithm by evaluating how much manual effort
was required by the analyst for generating the final output gazetteer. Starting from the results produced by our
automatic techniques, our analysts performed two key manual operations: deletion of the incorrect results and
manually merging results that our algorithm could not merge automatically.

We found that our algorithms for automatic merging were quite effective. Figure 21 shows the distribution of
the number of results produced by our algorithm that were grouped together by the analyst to produce an entry
in the final gazetteer. For instance, the first row shows that there were 2 entries in the final gazetteer for which
our analyst had to manually merge 5 results each. For a large fraction of the gazetteer entries, i.e., 245 out of the
259 features in our final gazetteer, the analyst did not need to perform any manual merging. This indicates that
our algorithm is quite eflective in automatically determining which raw records need to be merged.

Observation 3. Manually deleted entries can be automatically filtered by new improvements in the
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Figure 22: Analysis of the reasons for erroneous entries deleted by analyst.

text extraction module.

Next, we analyzed how much difficulty our analyst faced in deleting erroneous results produced by our algo-
rithm. Of the 351 results produced by our algorithm in the target geography (defined by the bounding box), our
analyst deleted 63 results. The remainder of the results were further merged, finally producing 259 entries in the
output gazetteer. Thus, only about 18% of the results produced by our algorithm were erroncous and therefore
needed to be deleted by our analyst.

3

‘e further analyzed the characteristics of these 63 resuits deleted by our analyst, as snmmarized in Figare 22.

We found that 23 of the deleted results represented cases in which a hotel was located at the address of
the candidate feature. We found that many online websites that provide search functions to find hotels
displayed lists of hospitals near those hotels. When we applied our text extraction module to these pages,
we incorrectly associated the address of the hotel with the hospital name on that page. We can enrich
our text extraction technique by segmenting a Web page into units of coherent information and disallowing
associations across different units.

We found that 16 of the deleted results either represented real-world services whose names were ambiguous,
e.g., “Car Hospital,” or “The Computer Health Center,” or represented services related to the healthcare
industry, e.g., drugstores, educational institutions, or recruiting agencies for the hospital industry. Our
analyst could very quickly judge that such results were erroneous, thus requiring little overhead. We can also
develop techniques to filter out such results automatically-by first training a language model for the Web
pages representing hospital features, and next, comparing the context of the new Web pages to the trained
model.

/e found that 18 of the deleted results represented cases in which our extraction techniques could be
improved, i.e., either the name of a hospital was incorrectly associated with the address of a different
hospital (6 cases), or the extracted address was incomplete (12 cases). In our implementation of the text
extraction module for the hospital task, we generated all pairs of hospital names and addresses as candidate
records, t.e., a “full-join” of all hospital names and all addresses in a single page as candidate features. We
used the number of web-references by using the number of results returned by search engines for each pair
to compute the score for each. While the scoring scheme already performed reasonably well, we can improve
accuracy by pruning the associations that do not qualify as the tightest pair, e.g., if the text segment between
a candidate pair of a hospital name and an address included another hospital name (or address), then the
pair would not satisfy the tightest binding requirement.

We found that 6 of the deleted results represented residential housing facilities for senior citizens or people
with disabilities. Often, some of these services also include an adjoining medical facility. Such results are
perhaps best left for the analyst to judge with regards to whether they should be included in the final
gazetteer.

Mosque Feature Discovery and Extraction

In the first part of the Phase 11 work, we attempted to solve concrete feature discovery problems of varions types:
man made features (e.g., hospitals, places of worship), natural features (e.g., mountains or lakes), and colloguial
features (e.g., neighborhood boundaries). We focused on two countries: Afghanistan and United States.
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Figure 23: Comparison of number of results on google.com for English vs. Arabic queries.

We first studied a series of concrete feature discovery problems, for man-made, natural, and colloquial features
- thus, discovering mosque features is our first concrete problem, in the man-made category of features, after our
development of the hospital discovery system in the interim Phase 1 Option period.

This problem of mosque discovery is quite diflerent from hospital discovery, in two aspects:

1. Language difference. While the hospital discovery system operated on an English language corpus, the
mosque discovery system may need to access foreign language (i.e., Arabic) Web pages.

2. Geography difference. Our hospital discovery task focused in the Chicago metropolitan area, where effective
geo-coding tools are available. How well can these tools adapt to the new target geography of Afghanistan?

Additionally, we worked on the problems of information extraction, feature merging, evaluation, user-aided
analysis and made additional improvements to our aggregation engine.

3.1 Language Difference
3.1.1 Findability Survey for Mosque Information

We studied the language nature of Web pages that will be useful for the discovery of mosque features. For our
survey, we queried google.com with different keywords relevant to our domain of interest. We summarize the
findings as follows:

Observation 1: Mosque information is generally prevalent in both English as well as Arabic pages. We searched
for several “mosque-related” keyword queries, in English as well as their corresponding Arabic translations, on
google.com. In Figure 23, we show the number of results returned for each of these quecries. We see that both
English and Arabic queries match a large number of pages. For some queries, we saw a higher result count for
English queries, and vice versa for the others. This phenomenon indicates that mosque information is widely
available in both English and Arabic language corpus.

Observation 2: The information for a specific mosque may be more prevalent in Arabic than in English pages.
We queried google.com with a few specific mosque names as queries. As Figure 24 shows, we found more results in
the Arabic versions than the English versions. This phenomenon indicates that we will likely find more information
in Arabic pages for a particular mosque. Thus, even for mosques (and other associated information) that we could
discover in English-language pages, we will find more information in Arabic pages for further augmentation.

Observation 3: Mosque information is available in both structured Web sites and unstructured text pages. We
inspected a few results for each of our different survey queries. From a total of about 1000 sources thus inspected,
we report the characteristics of a few relevant sources in Figure 25. As we observe, there is a good mix of structured
sources and text pages—thus, it indicates the need for the dual-extractor design for this problem as well.

Observation 4: The exact information about the locations of mnosques is rarely available. As Figure 25 shows,
the full addresses of mosques are often not available. Some sources only provide city-level addresses, and some
provide “relative” addresses (e.g., 50 km northeast of Sakhu).
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Figure 24: Comparison of number of results on google.com for English and Arabic versions of specific mosque
names.

Site Format Mosque Names | Address
islamicfinder.org structured | > 10 full address
wikipedia.org text > 10 city only
gearthhacks.com structured | 1— 10 city only 1
lib.uwm.edu structured | 1 — 10 city only |
mfa.gov.af text 1-10 city only |
archnet.org structured | 1 — 10 city only ]
orientalarchitecture.com | text 1-10 no address
ramdan4u.blogspot.com | text 1-10 city only |
allexperts.com text 1-10 cty only |
aulia-e-hind.com text 1-10 city only |
dymah.net text 1-10 city only
trytop.com text 1-10 no address
afghan-network.net text 1-10 relative ad—(lre?'_:

Figure 25: Nature of sources providing mosque information.

3.1.2 Text Extractor for Arabic Pages

As our survey above shows, mosque information is quite prevalent in Arabic pages. We thus decided to investigate
how well our extraction techniques can extend to a foreign language like Arabic and to understand what the issues
are. Therefore, we attempted to customize our text extraction techniques to recognize mosque names from Arabic
pages, which were collected from the survey of Arabic keyword queries as just reported. This study would not
be possible without the knowledge of Arabic—we have a colleague who is fluent in the Arabic lauguage, and he
helped us in this exercise. Our lessons from this exercise provided a mixed experience.

Lesson 1. The state-of-the-art language translation tools are not effective for the purpose of information extraction
across languages. Initially, we thought we could simply translate the Arabic pages to English, and then use our
text extraction tools on the translated pages. We tested the translation effectiveness of Google Translate. First, we
found the response time of the service to be too slow for large scale processing. It took 10-15 seconds to translate
a typical Web page. Secondly, we found the accuracy of translation to be quite limited-—it could only translate
some parts of the pages. Our Arabic expert inspected the results and found that the original Arabic pages often
used a variety of local dialects—thus, the translation problem is inherently difficult. As there is active research
going on in natural language processing for the Arabic language (e.g., [1]), we are hopeful that better tools would
soon become available in the future, although currently this translation-then-extraction approach does not seem
viable.

Lesson 2. The parsing module can be easily extended to operate on Arabic text. Although the Arabic language
is quite different in its composition — it is written from right to left, and uses Unicode encoding — our parsing
module could be extended to tokenize Arabic Web pages. We were able to recognize the Arabic word “mosque”
in Arabic pages, and segment the surrounding context of the matching word tokens. Our Arabic expert observed
these segments of the extracted tokens, and found the matches to be fairly accurate.

Lesson 3. The adaptation of extraction rules to Arabic requires much knowledge of the target language. As the
step after segmenting the surrounding context of the Arabic “mosque” keyword, for each such segment, we needed
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language-specific rules for actually recognizing mosque names. For instance, a rule can state if there is “Al-” (the
definite article in the Arabic language) at two or three tokens preceding the “mosque” keyword, then the character
sequence in between them would be the name of a mosque.

As we realized in our exercise, constructing such rules requires good knowledge of the grammar and conventions
of the target language. Since the issues here are rather language specific, we would leave such customization for
future extension. Meanwhile, better tools for Arabic information extraction will beconie available, since name
entity recognition for the Arabic language (and various other languages) is actively pursued in research (e.g.,
[45, 46, 72, 88]). Thus, lacking foreign language expertise, we decided that, for our study in the GeoEngine
project, we will focus on developing extraction modules for English corpora.

Lesson 4. The ability to parse Arabic pages can be used for augmenting English-based feature discovery. While
we will not study the extraction of information directly in Arabic pages, we can use these pages to augment the
features discovered from English pages. As we saw in Lesson 2, we could successfully parse and identify desired
tokens in Arabic pages. We can thus use this ability to find pages containing auxiliary information for mosque
names that we discover from an English corpus. These matching pages can be used to augment in the discovery
process.

3.1.3 Language prevalence

A major impact of change in geography from Chicago to Afghanistan is the change in language-from English to
Arabic. We queried google.com to estimate the number of pages, in Arabic vs. in English, that provide mosque
related information. To recap, we queried google.com with the English as well as the Arabic variants of several
mosque related queries. Figure 23 summarizes the number of results found for 11 general queries, while Iigure 24
shows the results for 6 queries with specific mosque names.

Observation 1: There is a good mix of English as well as Arabic language pages providing mosque
information. In general, we observe that the mosque information is prevalent in both the languages. For the
general queries, English corpus is more popular, while for the specific mosque names, Arabic corpus is more
popular.

3.1.4 Nature of sources

To understand the nature of the Arabic sources that are returned in search results for our queries, we inspected
the top 10 results for each of them (or all results for queries where less than 10 results were found). The results
are summarized in Figure 26. We used Google Translate http://translate.google.com to translate these pages
from Arabic to English, for our inspection. If a page could not be translated, we mark it as “GT Failed.” Strangely,
we also observed quite a few links were now defunct, marked as “Link Down.” A source is classified as “DB” if it
is a structured site, suited for our agent extraction. The rest of the sources are text sources, further classified as
{wiki, travel, news, blogs, org, forum, culture}, depending on their characteristics.

As Figure 26 shows, of the top 10 results for @1, 1 is Link Down, 1 is GT Failed, and rest of the 8 results are
text sources, with no DB sources. The first 11 rows are for general queries, and the next 6 rows are for the queries
with specific mosque names.

Observation 2: We rarely find structured DB sources in Arabic language. For the general queries,
we never saw any DB sources. For the specific queries, we saw DB sources for 4 out of 6 cases. These 4 results
belonged to Arabic version of 2 structured sources — wikipedia and islamicfinder. In addition to this survey, we
inspected many more results for discovery of structured sources. Yet, we could find a total of only 4 structured
sites.

Observation 3: Casual channels are predominant source of information. Of the 165 sources that we
inspected, 50 sources were forum discussions. The second and third most popular information source are blogs
and news sites. Together, forums, blogs and news sites comprise of 104 out of 165 sources.

Observation 4: Language translation does not work on all pages. Google Translate was not successful lor
14 of the 165 sources that we inspected.

Observation 5: Some sites are not well maintained. Even though our survey was restricted to the top 10
results, we still saw 13 of the links did not load — either throw<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>